This paper studies endogenous diffusion and impact of a cost-saving technological innovation --Internet Banking. When the innovation is initially introduced, large banks have an advantage to adopt it first and enjoy further growth of size. Over time, as the innovation diffuses into smaller banks, the aggregate bank size distribution increases stochastically towards a new steady state. Applying the theory to a panel study of Internet Banking diffusion across 50 US states, we examine the technological, economic and institutional factors governing the process. The empirical findings allow us to disentangle the interrelationship between Internet Banking adoption and growth of average bank size, and explain the variation of diffusion rates across geographic regions.
Introduction
Technology diffusion is an indispensable process through which technological potential of innovative activities can be actually turned into productivity. Various characteristics of the economic environment in which diffusion takes place may affect the pace of diffusion, while the diffusion itself may also have feedbacks on the environment.
To better understand this process, many important questions have to be answered. Banking (IB) provides us a good opportunity to look closely at these questions.
Diffusion of Internet Banking: Questions
In the US, the Internet era in the banking industry started in 1995 when Wells Fargo first allowed its customers to access account balances online and the first Internet-only bank, Security First Network Bank, opened. Ever since then, banks have steadily increased their presence on the Web. A major driving force of adopting IB is the potential for productivity gains that it offers. On one hand, the Internet has made it much easier for banks to reach and serve their consumers, even over long distances.
On the other hand, it provides cost savings for banks to conduct standardized, lowvalue-added transactions (e.g. bill payments, balance inquiries, account transfer) through the online channel, while focus their resources into specialized, high-valueadded transactions (e.g. small business lending, personal trust services, investment banking) through branches. Website allows customers to execute transactions on their accounts. In this paper, we take extra effort to check the data for accuracy to make sure that banks are counted as having a Website only if it report a valid Website address. 2 Though data on transactional Websites are not available for the whole sample of commercial banks before 2003, an independent survey conducted by OCC shows that 6% national banks adopted transactional Websites in 1998, and the ratio rose to 37% in 2000 (see Furst et al. (2001) ).
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The Hypothesis
Motivated by the aforementioned observations and questions, this paper tries to provide a general framework to study, theoretically and empirically, the endogenous diffusion and impact of Internet Banking. The theory suggests that when a costsaving technological innovation, e.g. IB, is initially introduced, large banks have an advantage to adopt it first and enjoy further growth of size. Over time, due to environmental changes (demand change, technological progress and industry deregulation), the innovation gradually diffuses into smaller banks. As a result, the aggregate bank size distribution increases stochastically towards a new steady state, and there are important interactions between the IB adoption and growth of average bank size.
Applying the theory to a panel study of Internet Banking diffusion across 50 US states, we examine the technological, economic and institutional factors governing the process. Using simultaneous-equation regressions, we are able to disentangle the complex interrelationship between IB adoption and growth of average bank size, and explain the variation of diffusion rates across US geographic regions. 
Road Map
The paper is organized as follows. Section 2 presents the model, in which we study competitive industry dynamics with endogenous technology diffusion. In particular,
we explore the dynamic interactions between technology adoption and change of bank size distribution. Section 3 applies the model to a panel study on the diffusion of Internet Banking across 50 US states. Using simultaneous-equation regressions, we disentangle the complex interrelationship between IB adoption and growth of average bank size, and explain the variation of diffusion rates across US geographic regions.
Section 4 offers final remarks.
The Model
In this section, we construct a theoretical model to study the diffusion and impact of a cost-saving technological innovation in the IB context. 
Environment
The industry is composed by a continuum of banks which produce a homogenous product -banking service. Banks behave competitively, taking market prices as given. We assume banks are heterogenous in the cost of production, which causes size differences across banks. At a point of time t, the aggregate demand takes a simple form -the consumers are willing to pay P t for the total amount Q t of the output. Over time, the demand P t and Q t might be shifted by economic forces, such as changes in population, income or substitute services. 5 
Pre-Innovation Equilibrium
Before the technology innovation arrives, the industry is at a steady state. Taking prices as given, each individual bank maximizes profit using the existing technology:
where π 0 is profit, P is price, y 0 is output, and α > 0 and β > 1 are cost parameters.
Solving the maximization problem, we have
Given individual bank's heterogeneity of productivity, e.g. α, there is a bank size distribution G. Historically, bank size y 0 fits well with a log-logistic distribution 6 , 5 For simplicity, we assume consumers have inelastic demand so that P and Q are exogenously determined. In fact, this is not an unreasonable assumption given our focus on state-chartered banks, a subsample of the banking population. 6 We pick the log-logistic distribution here is not only because it serves as an easily tractable representative of the larger group of positively skewed distributions, but also because it connects our study to the typically observed logistic diffusion curves. whose cdf function is given as
with the mean E(y 0 ) and Gini coefficient g given as
Rewriting the log-logistic distribution into a more intuitive form, we have
where η = Γ(1 + g)Γ(1 − g). Figure 3 presents an example fitting the log-logistic distribution to the size frequency of US state-chartered banks in 1990. As can be seen, the log-logistic distribution offers a good description of the actual bank distribution.
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At equilibrium, aggregate demand equals supply, so that
where N is the total number of banks.
Notice that the assumption of log-logistic size distribution is robust to changes of the market environment. For example, any shocks to the price P and the mean bank any shocks to the total demand Q only affect the number of banks N through entry and exit, but not the size distribution.
Post-Innovation Equilibrium

Individual Bank Decision
At time T , the technological innovation, Internet Banking, becomes available. Thereafter, at each period an individual bank maximizes profit and decides whether to adopt the innovation or not ( 0= do not adopt, 1= adopt):
where γ is the cost saving by adopting the innovation, k is the period cost of adoption.
7 Given β > 1, α 
.
The size requirement for adoption suggests that large banks have an advantage in adopting the innovation. Using bank assets as a size approximation, we show in Figure 4 that it is indeed what happened in the diffusion of Internet Banking. 8 
Aggregate Adoption
Given the log-logistic bank size distribution G defined in Equation 3 and the threshold y * 0 for adoption, the aggregate adoption rate of the IB innovation is : 
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Recall
Then Proposition 1 follows.
Proposition 1
The adoption rate F increases with consumer demand P , mean bank productivity E(α 
Average Bank Size
Notice E(y 0 ) is not something directly observable. The observed mean bank size is indeed
Given that y 0 takes a log-logistic distribution G, we have
where β is the incomplete beta function defined as
Therefore, the observed mean bank size can be derived as follows 
Industry Dynamics and Long-run Equilibrium
Equations 4 and 5 describe the post-innovation industry equilibrium at any point of time. Notice that we have so far omitted time subscripts of all variables. To discuss the industry dynamics, we now make them explicit. As a result, we are going to see that the diffusion path closely follows a logistic curve.
In fact, over time, consumer demand P t may change with income or substitute services, and mean bank productivity E(α
, IB cost saving γ t and IB adoption cost k t may change with banking deregulation and technology progress. Taking these time changes into account, let us consider a simple law of motion with constant growth as follows
Then, the diffusion path of IB can be derived from Equation 4
We may compare the diffusion formula derived here with the traditional logistic model. The logistic model, based on a behavioral assumption of social contagion, assumes that the hazard rate of adoption rises with cumulative adoptioṅ
13 where F t is the fraction of potential adopters who have adopted the product at time t, and v is a constant contagion parameter.
Comparing Equation 6 with Equation 7
, we realize that our diffusion formula is equivalent to the logistic model under very reasonable assumptions. In particular, the diffusion parameters traditionally treated as exogenous terms now have clear economic meanings: the contagion parameter v is determined by the growth rates of consumer demand, industry deregulation, technology progress; the initial condition F 0 is the fraction of banks that find it profitable to adopt the innovation at the initial period:
Over time, as more and more banks adopt the innovation, the mean bank size keeps rising and the aggregate size distribution of banks increases stochastically to a new steady state. In the long run, as all banks adopt the innovation, the cumulative distribution of bank size converges to G y 1,t (x) which is still a log-logistic distribution but with a higher mean. 
Empirical Study
In this section, we apply the theoretical model to a panel data of US banking industry and study the diffusion and impact of Internet Banking. 
Simultaneous Equations
The diffusion and impact of IB can be characterized by a simultaneous equation system, which includes an adoption equation and a size equation as follows.
Recall Equation 1
It can be rewritten into a log-linear form:
Recall Equation 2
An empirical approximation of Equation 2 can be written as
Therefore, Equation 8 and 9 imply
where a 0 = (ln η + ln
Also, Equation 1 suggests
Hence we can rewrite Equation 9 as
where
The two Equations 10 and 11 are determined simultaneously and have to be estimated with simultaneous-equation regressions. Since the variable k is in Equation 10 but not Equation 11 , and E(α can be used to define exclusion restrictions and identify structural parameters.
Empirical Specifications
In the empirical study, we estimate the following simultaneous equations 9 based on Equations 10 and 11 using state-level panel data [2003] [2004] , where each state is indexed by j and each year is indexed by t:
• F is state-level adoption of IB (All Websites and Transactional Websites separately); g is the Gini coefficient of state-chartered bank size distribution;
• E(y) is a measure of state-level average bank size;
• X are variables shared in both equations, e.g. variables affecting P and γ;
• I are variables only in the Adoption equation, e.g. variables affecting k only;
• S are variables only in the Size equation, e.g. variables affecting E(α
The dependent variables in the two equations are as follows (Detailed explanations and sources of empirical variables are summarized in Table 1 in the Appendix ).
(1) Log odds ratio for IB adoption adjusted by the Gini coefficient, constructed using the following variables: TRANSAVE -Adoption rate for Transactional Websites; WEBAVE -Adoption rate for All Websites (informational or transactional) ;
GINIASST-Gini coefficient for bank assets;
(2) Average Bank Size, constructed by ASSTAVE -Bank assets 10 .
As we have seen in the theory, there are four groups of exogenous variables:
consumer demand P , mean bank productivity E(α However, they may also face higher IB adoption cost k compared to younger banks since they have to adapt the IB to their legacy system. Therefore, we have to be cautious to design and interpret our empirical study.
In particular, making the exclusion restrictions that define I and S becomes a matter of economic judgement. We include two variables in I: the number of years since the first bank in the state adopted a transactional Website (IMITATE) and the ratio of computer analyst wage to teller wage (WAGERATIO). They are expected to affect the bank size only through the IB adoption. In S, we use four variables:
an indicator variable for whether the state had intrastate branching restrictions after 1995 (INTRAREG); the ratio of banks in bank holding companies to total banks (BHCAVE); the ratio of deposits in out-of-state banks to total deposits (DEPINTST);
and bank assets in 1990 (ASST90). They are expected to affect the adoption of IB only through their effects on average bank size.
Data and Estimation Details
We run simultaneous-equation regressions on a sample panel dataset. The sample consists of state-chartered, full service retail banks across 50 states of the US. Table   2 in the Appendix shows summary statistics for all empirical variables.
As the theory suggests, we use Gini-adjusted log-odds ratio as the dependent Tables 3-8 but use Bank Deposits instead of Bank Assets as the measure of bank size.
Estimation Results
In the following discussion, we mainly refer to results in Table 3 We turn first to the structural equation for IB adoption (Table 3 , column 3). The coefficient on the fitted value of lnASSTAVE is negative and statistically different from zero. An increase in a state's average bank assets is associated with a fall in the odds ratio for transactional Website adoption. Consistent with our theoretical model, this implies a rise in the adoption rate.
In the structural equation for average bank assets (Table 3 , column 4), the coefficient on the fitted value of lnTRANSAVE*GINIASST is also negative, as expected, though not statistically different from zero. However, we should have confidence with the negative effect, since the simple OLS regressions in Table 5 have shown that zero effect is not consistent with the data and we consistently get negative coefficient estimates using all alternative regressions. Moreover, when adoption rates are measured using All Websites (informational or transactional), the coefficient turns statistically significant (Table 6 , column 4).
There is a negative coefficient on lnIMITATE (Table 3, Although the effect is not statistically significant, it turns significant when adoption rates are measured using All Websites (informational or transactional) ( 
Empirical Findings on IB Diffusion
The estimation results have confirmed our theoretical findings. First, there are important interrelationship between IB adoption and average bank size. Quantitatively, as shown in Table 3 , a 10 percent increase in average bank size would decrease the Gini-adjusted adoption odds ratio by about 1.4 percent, and a 10 percent decrease of adoption odds ratio would increase the average bank size by about 3.7 percent. The effects become even stronger when IB adoption rates are measured using All Websites (informational or transactional).
Since the IB adoption and bank size are endogenous variables, they are determined by underlying technological, economic and institutional factors. In the theory, we have grouped those factors into four basic categories that affect, respectively, consumer demand P , mean bank productivity E(α The data in Table 9a In a similar way, we can also compare variations of IB diffusion rates between any other regions. Average value of variables for all eight US regions are reported in Table 9 in the Appendix.
Interestingly, after we control for other factors, most regional dummies are not statistically significant explaining bank size or IB adoption. One exception is the Far West. Some regional fixed effect may have played significant roles in promoting IB adoption there, which might be linked to the high IT concentration in that region. The theoretical and empirical approach that we develop in the paper goes far beyond the Internet Banking. It indeed provides a general framework to study the joint evolution of technology adoption and firm size distribution, and can be readily applied to other case studies of technology diffusion and industry dynamics. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%. Table 1 for variable definitions and sources. * significant at 10%; ** significant at 5%; *** significant at 1%.
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